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The study has sought to identify a means for estimating the attitude of a small unmanned aerial vehicle by exploiting the 
fundamental operating principle of a neural network, using information about its micro-electro-mechanical systems sensors’ 
error properties. Individual attitude solutions have been derived from the accelerometer, gyroscope and magnetometer using 
traditional techniques. These solutions have been then fused together using a weighting strategy that ensures that each 
sensor’s error is accounted for. The developed algorithm has drawn upon knowledge from statistical noise parameter 
estimation and voting strategies applied in redundant aircraft systems to ensure that the system output closely matches the 
platform’s actual attitude. Experiments that have been carried out to determine the efficacy of the developed algorithm using 
data from real world flights have shown that the algorithm has improved accuracy compared to the individual sensor 
solutions, with root-mean-square-error of below 10 in several situations. 
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1 Introduction 
Small unmanned aerial vehicles (UAVs) continue 

to be used to perform a host of functions with 
applications in agriculture, security and emergency 
response, surveying, photography and recreation1. 
They are usually controlled autonomously or by a 
remote pilot, who is usually within sight of the UAV2. 
In order to change the flight path of the aircraft, it is 
necessary to change its attitude3,4. The attitude solution 
also serves as an input to the aircraft’s autopilot5. 
Several approaches have been used in the past to 
compute the UAV’s attitude, making use of different 
sensors onboard the vehicle in various ways. In this 
paper, we present an approach that draws upon the 
fundamental operating principle of a neural network, 
using the magnetometer, accelerometer, gyroscope and 
global navigation satellite systems (GNSS) sensors 
onboard the aircraft to derive its attitude. 

2 Materials and Methods 
The aircraft attitude is first calculated using the 

sensors’ outputs individually. Following this, the 
individual attitude solutions are combined 
statistically. 

2.1 Individual Sensor Attitude Solutions 

2.1.1  Accelerometer 
An accelerometer measures the specific force of 

the vehicle relative to inertial space in body 
coordinates6. The principle of deriving vehicle 
attitude from the accelerometer lies in obtaining the 
quaternion or rotation matrix that transforms its 
measurements to a reference coordinate system such 
as the Earth Centered Earth Fixed (ECEF) system. A 
GNSS sensor provides velocity estimates which may 
be differentiated using, for example, Al-Alaoui’s 
filter7 to provide the reference acceleration. The 
position estimate from the GNSS sensor also 
aids determination of the value of acceleration 
due to gravity. Having these measurements, it is 
possible to determine the aircraft’s attitude using the 
equation: ሶܸ = ݂ − 2߱௜௘ × ܸ + ݃ … (1)

where, V stands for velocity,	߱௜௘ is the earth’s 
rotation rateand g is the acceleration due to gravity, 
all expressed in ECEF coordinates.  

The quaternion that transforms the specific force 
(the f-term) from ECEF coordinates to (North- 
East-Down) local navigation coordinates is 
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determined from the position estimate, ሾ݈݁݀ݑݐ݅݃݊݋	ሺ݈ሻ,  provided	ሿ଼(ℎ)݁݀ݑݐ݅ݐ݈ܽ,ሺ߶ሻ݁݀ݑݐ݅ݐ݈ܽ
by the GNSS sensor, using the equations.: 

ݍ =
ێێۏ
ێێێ
ۍ ݏ݋ܿ ௟ଶ ∙ ݏ݋ܿ ቀథଶ + 45଴ቁ݊݅ݏ ௟ଶ 	∙ ݊݅ݏ ቀథଶ + 45଴ቁ−ܿݏ݋ ௟ଶ ∙ ݊݅ݏ ቀథଶ + 45଴ቁ݊݅ݏ ௟ଶ 	∙ ݏ݋ܿ ቀథଶ + 45଴ቁ ۑۑے

ۑۑۑ
ې

… (2) 

It remains therefore to solve for the quaternion that 
performs the transformation from local navigation 
coordinates to body coordinates. This provides the 
attitude solution. 

2.1.2 Magnetometer 
The magnetometer measures the components of the 

earth’s magnetic field in body coordinates. Knowing 
the reference magnetic field in local navigational 
coordinates from a model such as the World Magnetic 
Model9, it remains to determine the quaternion that 
transforms between the two coordinates. This 
provides the attitude solution. 

2.1.3 Gyroscope 
A three-axis gyroscope provides measurements of 

the aircraft’s angular velocity,		Ω = ቈݎݍ݌቉. The attitude 

solution at any time may be obtained by integrating 
the attitude rates of the aircraft derived from the 
quaternion state equations, given below, knowing the 
initial state: 

ሶݍ = ൦ݍ଴ሶݍଵሶݍଶሶݍଷሶ ൪ = ଵଶ ൦0݌ 0݌− ݍ− ݎݎ− ݍݍ− ݎ− 0 ݎ݌ ݍ ݌− 0 ൪ ቎
ଷ቏ݍଶݍଵݍ଴ݍ ≡ ଵଶ(3) ... ݍߗ 

2.2 Quaternion Attitude to Euler Angles 
The quaternion attitude solutions are used to derive 

the Euler angles (roll, pitch and yaw) using the 
following equations10. 

߶ = ଵି݊ܽݐ ൬ଶ(௤బ௤భା௤మ௤య)ଵିଶ൫௤భమା௤మమ൯ ൰ … ߠ(4) = ଶݍ଴ݍ)ଵ൫2ି݊݅ݏ − ଷ)൯ݍଵݍ … (5)߰ = ଵି݊ܽݐ ൬ଶ(௤బ௤యା௤భ௤మ)ଵିଶ൫௤మమା௤యమ൯ ൰ … (6) 

2.3 Combined sensors attitude solution 

The following weighting strategy11,12 is applied to 
determine the integrated attitude solution from,  ߠ = ௚ݓ ∙ ௚ߠ + ௔ݓ ∙ ௔ߠ + ௠ݓ ∙ ௠ߠ … (7)

The output of Equation 7 is fed to a low-pass filter 
using a cutoff frequency of 0.5 Hz, as suggested by 
Lötters13. An illustration of the approach is provided 
in Figure 1. 

The weights are calculated using two pieces of 
information. First is the root-mean-square value of the 
sensor’s error spectrum14,15. This is taken as a constant 
sensor measurement that is randomly positive or 
negative and used to propagate an attitude estimate in 
time. The second is the deviation of the individual 
attitude solution from the mean value16. These two 
error attitudes are each normalized by dividing by 
their magnitude, and then combined by taking the 2-
norm. Following this, a parameter, α, is determined 
that minimizes the least-squares error between the 
combined (weighted) attitude solution and that 
derived from a traditional algorithm. Equation 8 to 
Equation 10 summarize the calculation of the weights; ݓ௚,௔,௠ = ߙ ∙ ඥݓଵଶ ଶଶݓ+ … ଵݓ(8) = ఋఏ೔|ఋఏ೔| … ଶݓ(9) = ఋట೔|ఋట೔| … (10)

where,  ,is the error-spectrum RMS-derived roll ߠߜ
pitch or yaw attitude and ߰ߜ is the roll, pitch or yaw 
deviation from the mean of all sensors’ solutions. 

Fig. 1 — Model for combined-sensor attitude determination. 
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3 Results and Discussion 
Flight logs were collected from three UAV 

platforms: the DJI Mavic Mini, DJI Mavic 2 Pro and a 
fixed wing using an Ardupilot flight controller. The 
parameters retrieved from the logs included the  three-
axis accelerometer, magnetometer and gyroscope 

readings, GPS position and the output of the UAV’s 
attitude and heading reference system (AHRS) which 
also calculates the vehicle’s attitude. The sensor 
readings were used to determine the drone’s attitude, 
first individually, then combined using the developed 
algorithm. Figures 2, 3 & 4 illustrate the results, 

Fig. 2 — DJI Mavic 2 Pro attitude. 

Fig. 3 — DJI Mavic Mini attitude. 
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whiles Table 1 provides a summary of the 
performance of the algorithm. 

It is evident from the figures and table above that 
the developed algorithm closely approximates that of 
the AHRS of the aircraft. The best performance is 
recorded along the roll channel of the DJI Mavic 
Mini, an RMSE of 0.03 degrees. The worst 
performance is along the yaw channel of the 
Arduplane, with an RMSE of 27.68 degrees. 
This large error is likely due to the flight path of 
the aircraft, which performed maneuvers that 
required a sharp change in heading, as shown in 
Figure 4.  

Generally, the algorithm solution presents 
significant increases in accuracy compared with the 
individual sensor attitude solutions. For example, 
whereas the accelerometer of the DJI Mavic Mini 
deviated from the true value in excess of 100 degrees 
in yaw, the algorithm’s solution recorded an error of 
only 3.55 degrees, a two-orders-of-magnitude 
improvement. This trend is evidenced with most of 
the entries in Table 1.  

4 Conclusion 
It has been shown that the error properties of the 

inertial sensors of a small UAV can be used in a 

Fig. 4 — Arduplane attitude. 

Table 1 — Performance of developed algorithm. 

Aircraft Sensor RMS Error, relative to AHRS solution (deg) 

Yaw Pitch Roll
DJI Mavic Mini Algorithm 3.55 0.1 0.03 

Accelerometer 124.59 3.35 0.2
Gyroscope 3.99 2.01 0.26
Magnetometer 1.99 49.26 39.64

DJI Mavic 2 Pro Algorithm 6.11 4.87 4.38 
Accelerometer 26.47 16.96 30.62
Gyroscope 4.04 6.47 9.93
Magnetometer 25.04 11.59 20.68

Arduplane Algorithm 27.68 5.25 7.85
Accelerometer 106.94 13.22 8.64
Gyroscope 24.94 3.02 5.26
Magnetometer 32.01 30.93 40.46
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neural-networks configuration to compute its attitude. 
Experiments with three UAVs demonstrated that 
single-digit accuracy can be obtained using this 
technique. 
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